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Abstract
Majority of state-of-the-art deep learning methods are
discriminative approaches, which model the conditional
distribution of labels given inputs features. The success of
such approaches heavily depends on high-quality labeled
instances, which are not easy to obtain, especially as the
number of candidate classes increases. In this paper, we
study the complementary learning problem. Unlike ordi-
nary labels, complementary labels are easy to obtain be-
cause an annotator only needs to provide a yes/no answer
to a randomly chosen candidate class for each instance. We
propose a generative-discriminative complementary learn-
ing method that estimates the ordinary labels by modeling
both the conditional (discriminative) and instance (gener-
ative) distributions. Our method, we call Complementary
Conditional GAN (CCGAN ), improves the accuracy of
predicting ordinary labels and is able to generate high-
quality instances in spite of weak supervision. In addition to
the extensive empirical studies, we also theoretically show
that our model can retrieve the true conditional distribution
from the complementarily-labeled data.
1. Introduction
Deep supervised learning has achieved great success in
various applications such as visual recognition [16, 7] and
natural language processing [12]. Despite the effective-
ness of supervised classifiers, acquiring labeled data is of-
ten expensive and time-consuming. As a result, learning
from weak supervision has been studied extensively in re-
cent decades, including but not limited to semi-supervised
learning [14], multi-instance learning [29], learning from
side information [8], and learning from data with noisy la-
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bels [22].
In this paper, we consider a recently proposed weakly-
supervised classification scenario, i.e., learning from com-
plementary labels [9, 28]. Unlike an ordinary label, a com-
plementary label specifies a class that an input instance does
not belong to. Given an instance from a class, it is labori-
ous to choose the correct class label from many candidate
classes, especially when the number of classes is relatively
large or the annotator is not familiar with the characteris-
tics of all candidate classes. However, it is less demanding
and inexpensive to choose one of the incorrect class as a
complementary label for an instance. For example, when
an annotator is labelling an image containing an animal that
she has never seen before, she can easily identify that this
animal does not belong the usual animal classes he can see
in daily life, such as, “not dogs”. In medical field, a doc-
tor may not be able to identify the exact disease type given
symptoms. However, he/she can easily obtain complemen-
tary labels denoting some disease types a patient does not
belong to.
Existing complementary learning methods modified the
ordinary classification loss functions to enable learning
from complementary labels. [9] proposed a method
that provides a consistent estimate of the classifier from
complementarily-labeled data where the loss function satis-
fies a particular symmetric condition. However, this method
only allows classification loss functions with certain non-
convex binary losses for one-versus-all and pairwise com-
parison. Later, [28] proposed to use the forward loss correc-
tion technique [25] that learns the conditional, PY |X , from
complementary labels, where X denote the input features
and Y denote labels. [10] derived an unbiased estimator of
the true classification risk with arbitrary loss functions from
complementarily-labeled data.
To clarify the differences between learning with ordinary
and complimentary labels, we define the notion of “effective
sample size”, which is the number of instances with ordi-
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nary labels that carries the same amount of information as
instances with complementary labels of a given size. Since
the complementary labels are weak labels, they carry only
partial information about the ordinary labels. Hence, the ef-
fective sample size nl for complementary learning is much
smaller than the given sample size n (i.e., nl << n). Cur-
rent methods for learning with complementary labels need
a relatively large training set to ensure low variance for pre-
dicting ordinary label.
Although nl is small under complementary learning set-
tings, we can still use all samples with size n to estimate the
instance distribution PX . However, current complementary
methods focus on modeling conditional PY |X and thus fail
to account for information hidden in PX , which is essential
in complementary learning.
To improve the prediction performance, we propose
a generative-discriminative complementary learning ap-
proach that learns both PY |X and PX|Y in a unified frame-
work. Our main contributions can be summarized as fol-
lows:
• We propose a Complementary Conditional Genera-
tive Adversarial Net (CCGAN ), which simultane-
ously learns PY |X and PX|Y from complementary la-
bels. Because the estimate of PX|Y benefits from PX ,
it provides constraints on PY |X and helps reduce its
estimation variance.
• Theoretically, we show that our CCGAN model
is guaranteed to learn PX|Y from complementarily-
labeled data.
• Empirically, we conduct comprehensive experiments
on benchmark datasets, including MNIST, CIFAR10,
CIFAR100, and VGG Face; demonstrating that our
model gives accurate classification prediction and gen-
erates high-quality images.
2. Related Works
Generative Adversarial Nets Generative Adversarial
Nets (GANs) are a class of implicit generative models
learned by adversarial training [6]. With the development
of new network architectures (e.g., [3]) and stabilizing
techniques (e.g., [20]), GANs generates high-quality im-
ages that are indistinguishable from real ones. Conditional
GANs (CGANs) [19] extend the GAN models to generate
images given specific labels, which can be used to model
the class conditional PX|Y (e.g., AC-GAN [24], Projec-
tion cGAN [21], and TAC-GAN [5]). However, training of
CGANs requires ordinary labels for the images, which are
not available under the complementary learning settings. To
the best of our knowledge, our proposed CCGAN is the
first conditional GAN that is trained with complementary
labels. The most related works to us are the robust condi-
tional GAN approaches that aim to learn a conditional GAN
from labels corrupted by random noise [27, 11]. However,
our method generates better quality images and more accu-
rate prediction, by utilizing complementary labels.
Semi-Supervised Learning Under semi-supervised
learning settings, we are provided a relatively small
number of labeled data and plenty of unlabeled data.
The basic assumption for the semi-supervised methods
is that the knowledge on PX gained from unlabeled
data carries useful information for inferring PY |X . This
principle has been implemented in various forms, such as
co-training [1], generative modeling [23, 17], etc. Inspired
by the commonalities between complementary learning
and semi-supervised learning, i.e., more data are available
to estimate PX than PY |X ; we propose to make use of PX
to help infer PY |X in complementary learning.
3. Background
In this section, we first introduce the concept of learning
from so-called complementary labels. Then, we discuss a
state-of-the-art discriminative complementary learning ap-
proach, [28], which is the most relevant to our method.
3.1. Problem Setup
Let two random variables X and Y denote the fea-
tures and the labels, respectively. The goal of discrimi-
native learning is to infer a decision function (classifier)
from independent and identically distributed training set
{xi, yi}ni=1 ⊆ X×Y drawn from an unknown joint distribu-
tion PXY , where X ∈ X = Rd and Y ∈ Y = {1, . . . ,K}.
The optimal function, f∗, can be learned by minimizing
the expected risk R(f) = E(X,Y )∼PXY `(f(X), Y ), where
E denotes the expectation and ` denotes a classification
loss function. Because PXY is unknown, we usually ap-
proximate R(f) using its empirical estimation Rn(f) =
1
n
∑n
i=1 `(f(xi), yi).
In the complementary learning setting, for each sample
x, we are given only a complementary label y¯ ∈ Y\y which
specifies a class that x does not belong to. That is to say, our
goal is to learn f that minimizes the classification riskR(f)
from complementarily-labeled data {xi, y¯i}ni=1 ⊆ X × Y
drawn from an unknown distribution PXY¯ , where Y¯ denote
the random variable for complementary label. The ordinary
loss function, `(·, ·), cannot be used since we do not have
access to the ordinary labels (yi’s). In the following, we
explain how discriminative learning can be extended in such
scenarios.
3.2. Discriminative Complementary Learning
Existing Discriminative Complementary Learning
(DCL) methods modified the ordinary classification loss
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function ` to the complementary classification loss ¯` to
provide a consistent estimation of f . Various loss functions
have been considered in the literature, such as one-vs-all
ramp/sigmoid loss [9], pair-comparison ramp/sigmoid
loss [9], and cross-entropy loss [28]. Here we briefly
review a recent method that modifies the cross-entropy
loss for deep learning with complementary labels [28].
The general idea is to view the ordinary label Y , as a
latent random variable. Suppose the classifier has the form
f(X) = arg maxi∈[K] gi(X), where gi(X) is an estima-
tion for P (Y = i|X). The loss function for complementary
labels is defined as ¯`(f(X), Y¯ ) = `(Mᵀg, Y¯ ), where
g = (g1(X), . . . , gK(X))
ᵀ andM is the transition matrix
satisfying
P (Y¯ = j|X) =
∑
i 6=j
p(Y¯ = j|Y = i)︸ ︷︷ ︸
Mij
P (Y = i|X). (1)
[9, 10] assumed the uniform setting in which M takes 0
on diagonals and 1K−1 on non-diagonals. [28] relaxed this
assumption by allowing other values on non-diagonals and
proposed a method to estimate M from data. It has been
shown in [28] that the classifier f¯n that minimizes the em-
pirical estimation of R¯(f), i.e.,
R¯n(f) =
1
n
n∑
i=1
¯`(f(xi), y¯i), (2)
converges to the optimal classifier f∗ as n→∞.
4. Proposed Method
In this section, we will present the motivation and de-
tails of our generative-discriminative complementary learn-
ing method. First, we demonstrate why generative mod-
eling is valuable for learning from complementary labels.
Second, we present our Complementary Conditional GAN
(CCGAN ) model that is trained using complementarily-
labeled data and provide theoretical guarantees. Finally, we
discuss several practical factors that are crucial for reliably
training our model.
4.1. Motivation
It is guaranteed that existing discriminative complemen-
tary learning approaches lead to optimal classifiers, given
sufficiently large sample size. However, due to the uncer-
tainty introduced by the complementary labels, the effec-
tive sample size is much smaller than the sample size n. If
we have access to samples with ordinary labels {xi, yi}ni=1,
we can learn the classifier fn by minimizing Rn(f). Since
knowing the ordinary labels is equivalent to having all the
K − 1 complementary labels, we can also learn fn with
ordinary labels by minimizing the empirical risk
R¯′n(f) =
1
n(K − 1)
n∑
i=1
K−1∑
k=1
¯`(f(xi), y¯ik), (3)
where y¯ik is the k-th complementary label for the i-th ex-
ample. In practice, since we only have one complementary
label for each instance, we are minimizing R¯n(f) as shown
in Eq. (2), rather than R¯′n(f). Note that R¯n(f) approxi-
mates R¯′n(f) by randomly picking up one complementary
label for the i-th example, which implies that the effective
sample size is roughly n/(K−1). In other words, although
we provide each instance a complementary label, the accu-
racy of the classifier learned by minimizing R¯n is close to
that of a classifier learned with n/(K − 1) examples with
ordinary labels.
Because the effective sample size is usually much
smaller than the actual sample size, complementary learn-
ing resembles semi-supervised learning, where only a small
proportion of instances are associated with ordinary labels.
In semi-supervised learning, PX can be estimated with
more unlabeled samples compared to PY |X , which requires
labels to estimate. Therefore, modeling PX is beneficial
because it allows us to take advantage of unlabeled data.
This justifies the motivation of introducing a generative
term in complementary learning. A natural way to utilize
PX is to model the class-conditional, PX|Y . PX imposes
a constraint on PX|Y indirectly since PX =
∫
P (X|Y =
y)P (y)dy. Therefore, a more accurate estimation of PX
will improve the estimation of PX|Y and thus PY |X .
4.2. Complementary Conditional GAN (CCGAN)
Given the recent advances in generative modeling using
(conditional) GANs, we propose to use conditional GAN to
model PX|Y in the paper. A conditional GAN learns a func-
tion G(Y, Z) that generates samples from a conditional dis-
tribution QX|Y , neural network is used to parameterize the
generator function, and Z is a random samples drawn from
a canonical distribution PZ . To learn the parameters, we
can minimize certain divergence between QX,Y and PXY
by solving the following optimization:
min
G
max
D
E
(X,Y )∼PXY
[φ(D(X,Y ))]
+ E
Z∼PZ ,Y∼PY
[φ(1−D(G(Z, Y ), Y ))], (4)
where φ is a function of choice and D is the discriminator.
However, the conditional GAN framework cannot be di-
rectly used for our purpose for the following two reasons: 1)
the first term in Eq. (4) cannot be evaluated directly, because
we do not have access to the ordinary labels. 2) the condi-
tional GAN only generates X’s and does not infer the ordi-
nary labels. A straightforward solution would be to generate
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Figure 1. GAN model with different supervision level. Figure (c) is our proposed method. The trapezoid blocks represent different
networks, G denotes Generator, D denotes Discriminator, C denotes true label classifier, MI denotes mutual information learner and C
denotes complementary label classifier. In our model CCGAN , C is regarded as latent output. As shown in (c), C can be decomposed
into C and transition matrixM [28], which can be referred to Eq. (1).
(x, y) from the learned conditional GAN model and to train
a separate classifier on the generated data. However, such
two-step solution results in a sub-optimal performance.
To enable generative-discriminative complementary
learning, we propose a complementary conditional GAN
(CCGAN ) by extending the TAC-GAN [5] framework to
deal with complementarily-labeled data. The model struc-
tures of GAN, TAC-GAN, and our CCGAN are shown in
Figure 1. TAC-GAN decomposes the joint distributions as
PXY = PY |XPX and QXY = QY |XQX and match the
conditional distributions and marginal distributions sepa-
rately. The marginals PX andQX are matched using adver-
sarial loss [6], and PY |X and QY |X are matched by sharing
a classifier with probabilistic outputs. However, PY |X is not
accessible in a complementary setting since the ordinary la-
bels are not observed. Therefore, PY |X and QY |X cannot
be directly matched as in TAC-GAN. Fortunately, we make
use of the relation between PY |X and PY¯ |X ( Eq. (1) ) and
propose a new loss matching PY |X and QY |X in a comple-
mentary setting. Specifically, we learn our CCGAN using
the following objective
min
G,C
max
D,Cmi
E
X∼PX
φ(D(X))
+ E
Z∼PZ ,Y∼PY
φ(1−D(G(Z, Y )))
 a©
+ E
(X,Y¯ )∼PXY¯
`(Y¯ , C¯(X)) b©
+ E
Z∼PZ ,Y∼PY
`(Y,C(G(Z, Y )))
+ E
Z∼PZ ,Y∼PY
`(Y,Cmi(G(Z, Y )))
 c©,
(5)
where ` is the cross-entropy loss, C is a function modeled
by a neural network with softmax layer as the final layer
to produce class probability outputs, C¯(X) = MᵀC(X),
and Cmi is another function modeled by a neural network
with class probability outputs. From the objective func-
tion, we can see that our method naturally combines genera-
tive and discriminative components in a unified framework.
Specifically, the component b© performs pure discrimi-
native complementary learning on the complementarily-
labeled data (only learns C), and the components a© and
c© perform generative and discriminative learning simulta-
neously (learn both G and C).
The three components in Eq. (5) correspond to the fol-
lowing three divergences: 1) component a© corresponds to
Jensen-Shannon divergence between PX and QX , 2) com-
ponent b© represents KL divergence between PY¯ |X and
Q′¯
Y |X , and 3) component c© corresponds to KL divergence
betweenQ′Y |X andQY |X , whereQ
′
Y |X is a conditional dis-
tribution of ordinary labels given features modeled by C
and Q′¯
Y |X is a conditional distribution of complementary
labels given features implied by Q′Y |X through the relation
Q′¯
Y |X = M
ᵀQ′Y |X . The following theorem demonstrates
that minimizing these three divergences in our objective can
effectively reduce the divergence between QY X and PY X .
Theorem 1 Let PY X and QY X denote the data distribu-
tion and the distribution implied by our model, respectively.
Let Q′Y |X (Q
′¯
Y |X ) denote the conditional distribution of or-
dinary (complementary) labels given features induced by
the parametric model C. IfM is full rank, we have
dTV (PXY , QXY ) ≤ 2c1
√
dJS(PX , QX)
+ c2‖M−1‖∞
√
dKL(PY¯ |X , Q′¯Y |X)
+ c2
√
dKL(QY |X , Q′Y |X), (6)
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where dTV is the total variation distance, dJS is the Jensen-
Shannon divergence, dKL is the KL divergence, and c1 and
c2 are two constants.
A proof of Theorem 1 is provided in Section S1 of the sup-
plementary file. An illustrative figure that shows the rela-
tions between the quantities in Theorem 1 is also provided
in Section S2 of the supplementary file.
4.3. Practical Considerations
Estimating Prior PY In our CCGAN model, we need
to sample the ordinary labels y from the prior distribution
PY , which needs to be estimated from complementary la-
bels. Let P¯Y¯ = [PY¯ (Y¯ = 1), . . . , PY¯ (Y¯ = K)]ᵀ be
the vector containing complementary label probabilities and
P¯Y = [PY (Y = 1), . . . , PY (Y = K)]
ᵀ be true label proba-
bilities. We estimate P¯Y by solving the following optimiza-
tion:
min
P¯Y
‖P¯Y¯ −MᵀP¯Y ‖2,
s.t. ||P¯Y ||1 = 1 and P¯Y [i] ≥ 0. (7)
This is a standard quadratic programming (QP) problem and
can be easily solved using a QP solver.
Estimating M If the annotator is allowed to choose to
assign either an ordinary label or a complementary label
for each instance, the matrixM will be unknown because
of the possible non-uniform selection of the complemen-
tary labels. In [28], the authors provided an anchor-based
method to estimateM , we also follow the same technique.
Please refer to [28] for more details.
Incorporating Unlabeled Data In practice, we may have
access to additional unlabeled data. We can readily incor-
porate such unlabeled data to improve the estimation of the
first term in Eq. (5), which further improves the learning of
G through the second term in Eq. (5) and eventually im-
proves the classification performance.
5. Experiments
To demonstrate the effectiveness of our method, we
present a number of experiments examining different as-
pects of our method. After introducing the implementa-
tion details, we evaluate our methods on three datasets, in-
cluding MNIST [18], CIFAR10, CIFAR100 [15], and VG-
GFACE2 [4]. We compare classification accuracy of our
CCGAN with the state-of-the-art Discriminative Learning
(DCL) method [28] and show the capability of CCGAN
to generate good quality class-conditioned images from
complementarily-labeled data. In addition, ablation stud-
ies based on MNIST are presented to give a more detailed
analysis of our method. To be notified, we also have the In-
ception Score and Frchet Inception Distance (FID) to mea-
sure the generative performance of our model, the result is
shown in S3.
5.1. Implementation Details
Label Generation All the four datasets have ordinary
class labels, which allows generating labels to evaluate our
method. Following the procedure in [9], the label for each
image was obtained by randomly picking a candidate class
and asking the labeler to answer “yes” or “no” questions. In
this case, The candidate classes are uniformly assigned to
each image, and therefore the transition matrix M satisfies
Mi,j = 1/(K − 1), i 6= j;Mi,j = 0, i = j. Also, data are
usually biased, and the annotators also tend to hold biased
choices based on their experience. Thus transition matrix
M could be biased [28]. For uniformedM we assumeM
is known. However, for biasedM , we consider both cases
when trueM is given, andM needs to be estimated during
training time. To be notified, when generating complemen-
tary data, we assumeM is known.
Training Details We implemented ourCCGAN model in
Pytorch. We trained our CCGAN model in an end-to-end
strategy, which means the classifier and GAN discriminator
share the common bottom to neck conventional layers ex-
cept for the final fully-connected softmax layer as well as
mutual information learner. To train our CCGAN model,
we optimized the whole objective equation 5 using Adam
[13] with learning rate 2e − 4, β1 = 0.0, β2 = 0.999
for both D and G network, where we train 2 steps of D
and 1 step of G in each iteration for 10,000 iteration in to-
tal. To train our baseline DCL model, we apply the same
training strategy as [28] for all dataset. For the additional
VGGFACE2 dataset, we apply the same training settings as
CIFAR100. We adopted data augmentation for all datasets
except MNIST, where we first resized all images to 32× 32
resolution, employed random croppings to change the im-
age into 28 × 28 and then applied zero-padding to turn the
image back with 32× 32 resolution.
5.2. MNIST
We first evaluate our model on MNIST, which is a hand-
written digit recognition dataset that contains 60K training
images and 10K testing images, with size 32 × 32. We
chose Lenet-5 [18] as the network structure for the DCL
method and the C network in our CCGAN . We em-
ployed the DCGAN network [26] as the backbone of our
CCGAN . Due to the simplicity of MNIST data, the ac-
curacy of learning is close to that of learning with ordinary
labels if we use all 60K training samples. Therefore, we
sample a subset of 6K images as our basic sampling set S
for training.
In the experiments, we evaluate all the methods un-
der different sample sizes. Specifically, we randomly
re-sampled subsets with rl × 6K samples, where rl =
0.1, 0.2, . . . , 1; and trained all the methods on these sub-
sets. The classification accuracy was evaluated on the 10k
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(b)Figure 2. Test accuracy on (a) MNIST dataset and (b) CIFAR10
dataset. x axis represents the proportion rl of labeled data in the
training set S. In this figure we test DCL and our proposed model
CCGAN for comparison. We also show the performance of or-
dinary classifier trained on ordinary labeled data as the Oracle. In
this figure, transition matrix mM is uniform and assumed to be
known during training
test set. We report the results under the following three set-
tings: 1) We only use samples with complementary labels,
ignoring all ordinary labels, to train our model CCGAN
and baselineDCL. 2) We also train ordinary classifier such
that all labeled data are provided with ordinary labels (Ora-
cle). This classifier is trained with the strongest supervision
possible, representing the best achievable classification per-
formance. The results are shown in Figure 2 (a).
It can be seen from the results that our CCGAN method
outperforms DCL under different sample sizes, and the
gap increases as the sample size reduces. our method out-
performs DCL by a large margin. The results demon-
strate that generative-discriminative modeling is advan-
tageous over discriminative modeling for complementary
learning. Figure 3 (a) shows the generated images from
TAC − GAN (Oracle) and our CCGAN . We can see
that our CCGAN generates high-quality digit images, sug-
gesting that CCGAN is able to learn PX|Y very well from
complementarily-labeled data.
5.3. CIFAR10
We then evaluate our method on the CIFAR10 dataset,
which consists of 10 classes of 32 × 32 RGB images, in-
Method
rl 0.2 0.4 0.6 0.8 1.0
VGGFACE100
Ordinary label (Oracle) 0.673 0.804 0.870 0.891 0.917
DCL 0.378 0.685 802 0.849 0.884
CCGAN 0.447 0.728 0.822 0.865 0.896
CIFAR100
Ordinary label (Oracle) 0.439 0.804 0.870 0.891 0.917
DCL 0.252 0.452 0.561 0.609 0.651
CCGAN 0.320 0.520 0.571 0.632 0.660
Table 1. This table shows the test accuracy on VGGFACE100 and
CIFAR100 dataset. rl denotes the proportion of sampled labeled
data for training from the training set S, best results are in bold
cluding 60K training samples and 10K test samples. We
deploy ResNet18 [7] as the structure of the C network in
our model. Since training GANs on the CIFAR10 dataset
is unstable, we utilize the latest conditional structure Big-
GAN [2] for our CCGAN backbone. If without mention,
the following dataset experiments apply the same settings.
We evaluate all the methods following the same proce-
dure used in the MNIST dataset. The results are shown in
Figure 2 (b). Again our method consistently outperforms
the DCL method for different sample sizes. Figure 3 (b)
shows the generated images from TAC − GAN (Oracle)
and our CCGAN . It can be seen that our CCGAN suc-
cessfully learns the appearance of each class from comple-
mentary labels.
5.4. CIFAR100 and VGGFACE100
We finally evaluate our method on CIFAR100 and VG-
GFACE2 data, different from CIFAR10, CIFAR100 dataset
contains 100 classes and each class has 500 images in aver-
age and 10.000 testing images of 100 classes in total. VG-
GCAE2 is a large-scale face recognition dataset. The face
images have large variations in pose, age, illumination, eth-
nicity, and profession. The number of images for each per-
son (class) varies from 87 to 843, with an average of 362
images for each person. We randomly sampled 100 classes
and constructed a dataset for evaluation of our method. We
selected 80% data as the training set S and the rest 20% as
the testing set. Since our CCGAN model can only gener-
ate fixed-size images, we re-scaled all training images into
32× 32.
Because the number of classes is relatively large, the ef-
fective labeled sample size is approximately n/99, where n
is the total sample size. In case of limited supervision, nei-
ther DCL nor our CCGAN can converge. Thus, we ap-
plied the complementary label generation approach in [28],
which assumed only a small subset of candidate classes can
6
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<latexit sha1_base64="7iY3gLTNJClutdFZ6mnJHAumwws=">AAAB+HicbVDLTgIxFL2DL8QHoy7dNBITXEhm1ESXIAtdKSa8EpiQTulA Q+eRtmOCE77EjQuNceunuPNvLDALBU9yk5Nz7m3vPW7EmVSW9W1kVlbX1jeym7mt7Z3dvLm335RhLAhtkJCHou1iSTkLaEMxxWk7EhT7Lqctd1Sd+q1HKiQLg7oaR9Tx8SBgHiNYaaln5uuV6ulN5a54LzDh9KRnFqySNQNaJnZKCpCi1jO/uv2QxD4NFOFYyo5tRcpJsFBMvzfJdWNJI0xG eEA7mgbYp9JJZotP0LFW+sgLha5AoZn6eyLBvpRj39WdPlZDuehNxf+8Tqy8KydhQRQrGpD5R17MkQrRNAXUZ4ISxceaYCKY3hWRIdYRKJ1VTodgL568TJpnJfu8ZD9cFMrXaRxZOIQjKIINl1CGW6hBAwjE8Ayv8GY8GS/Gu/Exb80Y6cwB/IHx+QOhVJHG</latexit>
Real CCGAN
<latexit sha1_base64="VhmaNnk3rWBqiMT5 jZjAdDg0QHU=">AAAB7HicbVBNSwMxEJ2tX7V+VT16CRZBPJRdFfRY6UFPUsFtC+1Ssmm2Dc0m S5IVytLf4MWDIl79Qd78N6btHrT1wcDjvRlm5oUJZ9q47rdTWFldW98obpa2tnd298r7B00tU0W oTySXqh1iTTkT1DfMcNpOFMVxyGkrHNWnfuuJKs2keDTjhAYxHggWMYKNlfx6/fbmvleuuFV3B rRMvJxUIEejV/7q9iVJYyoM4VjrjucmJsiwMoxwOil1U00TTEZ4QDuWChxTHWSzYyfoxCp9FEll Sxg0U39PZDjWehyHtjPGZqgXvan4n9dJTXQdZEwkqaGCzBdFKUdGounnqM8UJYaPLcFEMXsrIk OsMDE2n5INwVt8eZk0z6veRdV7uKzUzvI4inAEx3AKHlxBDe6gAT4QYPAMr/DmCOfFeXc+5q0F J585hD9wPn8Az+uN8w==</latexit>
(b)
<latexit s ha1_base64="cEs9gS 0KgOFcWrPG4scEUVKtE i4=">AAAB6nicbVBNS8 NAEJ3Ur1q/qh69LBah XkKigh4LXjxWtB/QhrL ZTtqlm03Y3Qil9Cd48 aCIV3+RN/+N2zYHbX0w 8Hhvhpl5YSq4Np737RT W1jc2t4rbpZ3dvf2D8 uFRUyeZYthgiUhUO6Qa BZfYMNwIbKcKaRwKbIW j25nfekKleSIfzTjFI KYDySPOqLHSQzU875Ur nuvNQVaJn5MK5Kj3yl /dfsKyGKVhgmrd8b3UB BOqDGcCp6VupjGlbEQH 2LFU0hh1MJmfOiVnVu mTKFG2pCFz9ffEhMZaj +PQdsbUDPWyNxP/8zq ZiW6CCZdpZlCyxaIoE8 QkZPY36XOFzIixJZQpb m8lbEgVZcamU7Ih+Ms vr5Lmhetfuv79VaXm5n EU4QROoQo+XEMN7qAOD WAwgGd4hTdHOC/Ou/O xaC04+cwx/IHz+QOFKI 06</latexit>
ACGAN
<latexit sha1_base64="z3xWIpTKcGYSbUEx wpHNU3RdkSs=">AAAB7HicbVBNSwMxEJ31s9avqkcvwSJ4kLKrgh5betCTVHDbQruUbJptQ5Ps kmSFsvQ3ePGgiFd/kDf/jWm7B219MPB4b4aZeWHCmTau++2srK6tb2wWtorbO7t7+6WDw6aOU0W oT2Ieq3aINeVMUt8ww2k7URSLkNNWOKpP/dYTVZrF8tGMExoIPJAsYgQbK/m1+m3tvlcquxV3B rRMvJyUIUejV/rq9mOSCioN4VjrjucmJsiwMoxwOil2U00TTEZ4QDuWSiyoDrLZsRN0apU+imJl Sxo0U39PZFhoPRah7RTYDPWiNxX/8zqpiW6CjMkkNVSS+aIo5cjEaPo56jNFieFjSzBRzN6KyB ArTIzNp2hD8BZfXibNi4p3WfEersrV8zyOAhzDCZyBB9dQhTtogA8EGDzDK7w50nlx3p2PeeuK k88cwR84nz/NdY3z</latexit>
TAC  GAN(Oracle)
<latexit sha1_base64="7iY3gLTNJClutdFZ6mnJHAumwws=">AAAB+HicbVDLTgIxFL2DL8QHoy7dNBITXEhm1ESXIAtdKSa8EpiQTulA Q+eRtmOCE77EjQuNceunuPNvLDALBU9yk5Nz7m3vPW7EmVSW9W1kVlbX1jeym7mt7Z3dvLm335RhLAhtkJCHou1iSTkLaEMxxWk7EhT7Lqctd1Sd+q1HKiQLg7oaR9Tx8SBgHiNYaaln5uuV6ulN5a54LzDh9KRnFqySNQNaJnZKCpCi1jO/uv2QxD4NFOFYyo5tRcpJsFBMvzfJdWNJI0xG eEA7mgbYp9JJZotP0LFW+sgLha5AoZn6eyLBvpRj39WdPlZDuehNxf+8Tqy8KydhQRQrGpD5R17MkQrRNAXUZ4ISxceaYCKY3hWRIdYRKJ1VTodgL568TJpnJfu8ZD9cFMrXaRxZOIQjKIINl1CGW6hBAwjE8Ayv8GY8GS/Gu/Exb80Y6cwB/IHx+QOhVJHG</latexit>
Real CCGAN
<latexit sha1_base64="VhmaNnk3rWBqiMT5 jZjAdDg0QHU=">AAAB7HicbVBNSwMxEJ2tX7V+VT16CRZBPJRdFfRY6UFPUsFtC+1Ssmm2Dc0m S5IVytLf4MWDIl79Qd78N6btHrT1wcDjvRlm5oUJZ9q47rdTWFldW98obpa2tnd298r7B00tU0W oTySXqh1iTTkT1DfMcNpOFMVxyGkrHNWnfuuJKs2keDTjhAYxHggWMYKNlfx6/fbmvleuuFV3B rRMvJxUIEejV/7q9iVJYyoM4VjrjucmJsiwMoxwOil1U00TTEZ4QDuWChxTHWSzYyfoxCp9FEll Sxg0U39PZDjWehyHtjPGZqgXvan4n9dJTXQdZEwkqaGCzBdFKUdGounnqM8UJYaPLcFEMXsrIk OsMDE2n5INwVt8eZk0z6veRdV7uKzUzvI4inAEx3AKHlxBDe6gAT4QYPAMr/DmCOfFeXc+5q0F J585hD9wPn8Az+uN8w==</latexit>
(c)
<latexit s ha1_base64="idWLqb +t3irrSK+lSAPLEJqyF F0=">AAAB6nicbVBNS8 NAEJ3Ur1q/qh69LBah XkKigh4LXjxWtB/QhrL ZTtqlm03Y3Qil9Cd48 aCIV3+RN/+N2zYHbX0w 8Hhvhpl5YSq4Np737RT W1jc2t4rbpZ3dvf2D8 uFRUyeZYthgiUhUO6Qa BZfYMNwIbKcKaRwKbIW j25nfekKleSIfzTjFI KYDySPOqLHSQ5Wd98oV z/XmIKvEz0kFctR75a 9uP2FZjNIwQbXu+F5qg glVhjOB01I305hSNqID 7FgqaYw6mMxPnZIzq/ RJlChb0pC5+ntiQmOtx 3FoO2NqhnrZm4n/eZ3 MRDfBhMs0MyjZYlGUCW ISMvub9LlCZsTYEsoUt 7cSNqSKMmPTKdkQ/OW XV0nzwvUvXf/+qlJz8z iKcAKnUAUfrqEGd1CHB jAYwDO8wpsjnBfn3fl YtBacfOYY/sD5/AGGrY 07</latexit>
TAC  GAN(Oracle)
<latexit sha1_base64="7iY3gLTNJClutdFZ6mnJHAumwws=">AAAB+HicbVDLTgIxFL2DL8QHoy7dNBITXEhm1ESXIAtdKSa8EpiQTulA Q+eRtmOCE77EjQuNceunuPNvLDALBU9yk5Nz7m3vPW7EmVSW9W1kVlbX1jeym7mt7Z3dvLm335RhLAhtkJCHou1iSTkLaEMxxWk7EhT7Lqctd1Sd+q1HKiQLg7oaR9Tx8SBgHiNYaaln5uuV6ulN5a54LzDh9KRnFqySNQNaJnZKCpCi1jO/uv2QxD4NFOFYyo5tRcpJsFBMvzfJdWNJI0xG eEA7mgbYp9JJZotP0LFW+sgLha5AoZn6eyLBvpRj39WdPlZDuehNxf+8Tqy8KydhQRQrGpD5R17MkQrRNAXUZ4ISxceaYCKY3hWRIdYRKJ1VTodgL568TJpnJfu8ZD9cFMrXaRxZOIQjKIINl1CGW6hBAwjE8Ayv8GY8GS/Gu/Exb80Y6cwB/IHx+QOhVJHG</latexit>
Real CCGAN
<latexit sha1_base64="VhmaNnk3rWBqiMT5 jZjAdDg0QHU=">AAAB7HicbVBNSwMxEJ2tX7V+VT16CRZBPJRdFfRY6UFPUsFtC+1Ssmm2Dc0m S5IVytLf4MWDIl79Qd78N6btHrT1wcDjvRlm5oUJZ9q47rdTWFldW98obpa2tnd298r7B00tU0W oTySXqh1iTTkT1DfMcNpOFMVxyGkrHNWnfuuJKs2keDTjhAYxHggWMYKNlfx6/fbmvleuuFV3B rRMvJxUIEejV/7q9iVJYyoM4VjrjucmJsiwMoxwOil1U00TTEZ4QDuWChxTHWSzYyfoxCp9FEll Sxg0U39PZDjWehyHtjPGZqgXvan4n9dJTXQdZEwkqaGCzBdFKUdGounnqM8UJYaPLcFEMXsrIk OsMDE2n5INwVt8eZk0z6veRdV7uKzUzvI4inAEx3AKHlxBDe6gAT4QYPAMr/DmCOfFeXc+5q0F J585hD9wPn8Az+uN8w==</latexit>
(d)
<latexit sha1_base64="ow GFshgSm+lXO6yltjpVZoc6JOY=">AAAB6nicbVBNS8NAEJ 34WetX1aOXxSLUS0lU0GPRi8eK9gPaUDabSbt0swm7G6GU/ gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSAXXxnW/nZXVtfW NzcJWcXtnd2+/dHDY1EmmGDZYIhLVDqhGwSU2DDcC26lCGg cCW8Hwduq3nlBpnshHM0rRj2lf8ogzaqz0UAnPeqWyW3Vn IMvEy0kZctR7pa9umLAsRmmYoFp3PDc1/pgqw5nASbGbaUw pG9I+diyVNEbtj2enTsipVUISJcqWNGSm/p4Y01jrURzYz piagV70puJ/Xicz0bU/5jLNDEo2XxRlgpiETP8mIVfIjBhZ Qpni9lbCBlRRZmw6RRuCt/jyMmmeV72Lqnd/Wa7d5HEU4Bh OoAIeXEEN7qAODWDQh2d4hTdHOC/Ou/Mxb11x8pkj+APn8 weONo1Q</latexit>
TAC  GAN(Oracle)
<latexit sha1_base64="7iY3gLTNJClutdFZ6mnJHAumwws=">AAAB+HicbVDLTgIxFL2DL8QHoy7dNBITXEhm1ESXIAtdKSa8EpiQTulA Q+eRtmOCE77EjQuNceunuPNvLDALBU9yk5Nz7m3vPW7EmVSW9W1kVlbX1jeym7mt7Z3dvLm335RhLAhtkJCHou1iSTkLaEMxxWk7EhT7Lqctd1Sd+q1HKiQLg7oaR9Tx8SBgHiNYaaln5uuV6ulN5a54LzDh9KRnFqySNQNaJnZKCpCi1jO/uv2QxD4NFOFYyo5tRcpJsFBMvzfJdWNJI0xG eEA7mgbYp9JJZotP0LFW+sgLha5AoZn6eyLBvpRj39WdPlZDuehNxf+8Tqy8KydhQRQrGpD5R17MkQrRNAXUZ4ISxceaYCKY3hWRIdYRKJ1VTodgL568TJpnJfu8ZD9cFMrXaRxZOIQjKIINl1CGW6hBAwjE8Ayv8GY8GS/Gu/Exb80Y6cwB/IHx+QOhVJHG</latexit>
Figure 3. Synthetic results for (a) MNIST (b) CIFAR10 (c) CIFAR100 and (d) VGGFACE100. The figures in the middle illustrate images
generated by TAC−GAN [5], which is trained with ordinary labels. The figure on the right show images generated by CCGAN model,
which is trained with only complementary labels.
be chosen as complementary labels. In specific, we ran-
domly selected 10 candidate classes as the potential com-
pelementary label each class, and assigned them with uni-
form probabilities.
We used the same evaluation procedures used in MNIST
and CIFAR10. The classification accuracy is reported in
Table 1. It can be seen that our method outperforms DCL
by 5% when the proportion of labeled data is smaller than
0.3 and is slightly better than DCL when the proportion
is larger than 0.5. Figure 3 (c) shows the generated images
from TAC−GAN (Oracle) and ourCCGAN . We can see
that CCGAN generates images that are visually similar to
the real images for each person.
5.5. Biased M training
According to [28], we also implement the biased tran-
sition matrixM setting. During the training time, we test
two settings: 1) we assume trueM used for generating data
is known; 2)M can not be acquired and needs to be esti-
mated. For the unknownM , we follow the same settings as
[28] and apply the same anchor method to estimateM . The
other training settings are the same as above experiments.
The result is shown in Table 2.
5.6. Ablation Study
Here we conduct ablation studies on MNIST to study the
details and validate possible extensions of our approach.
Method
rl 0.2 0.6 1.0 0.2 0.6 1.0
True M Esimated M
MNIST
DCL 0.675 0.866 880 0.563 0.787 0.894
CCGAN 0.839 0.908 0.918 0.773 0.837 0.916
CIFAR10
DCL 0.413 0.658 0.724 0.282 0.624 0.713
CCGAN 0.559 0.767 0.815 0.440 0.740 0.757
CIFAR100
DCL 0.2814 0.582 663 0.176 0.381 0.574
CCGAN 0.320 0.621 0.664 0.206 0.445 0.589
VGGFACE100
DCL 0.461 0.769 0.863 0.161 0.660 0.836
CCGAN 0.533 0.805 0.866 0.174 0.681 0.850
Table 2. This table shows the test accuracy on MNIST, CIFAR10,
CIFAR100, and VGGFACE100 when M is biased, in this case,
we implement our model when M is known and estimated. rl
denotes the proportion of sampled labeled data for training from
the training set S.
Multiple Labels In this experiment, we give an intu-
itive strategy to verify the effectiveness of generative mod-
eling for complementary learning. In ordinary supervised
learning, discriminative models are usually preferred than
generative models because estimating the high-dimensional
PX|Y is difficult. To demonstrate the importance of gen-
erative modeling in complementary learning, we propose
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Figure 4. Test accuracy. x axis denotes number of assigned com-
plementary labels per image. In this figure we fix rl = 0.2
and . And we show the result of DCL and our proposed model
CCGAN , we also display the performance of ordinary classifier
trained on ordinary labeled data as the Oracle.
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Figure 5. Test accuracy. In this figure, we further compare our im-
proved SCCGAN model with our CCGAN and DCL model.
x axis denotes the ratio rl of labeled data.
to assign multiple complementary labels to each image and
observe how the performance changes with the number of
complementary labels. The classification accuracy is shown
in Figure 4. We can see that the accuracy of our CCGAN
and DCL both increases with the number of complemen-
tary labels. When the number of complementary labels per
image is large, DCL performs better than our CCGAN
because the supervision information is sufficient. However,
in practice, the number of complementary labels for each
instance is typically small and is usually one. In this case,
the advantage of generative modeling is obvious, as demon-
strated by the superior performance of our CCGAN com-
pared to DCL.
Semi-Supervised Learning In practice we might have
easier access to unlabeled data which can be incorporated
into to our model to perform semi-supervised complemen-
tary learning. On the MNIST dataset, we used the addi-
tional 90% data as unlabeled data to improve the estimation
of the first term in our objective Eq. (5). We denote the
semi-supervised method as Semi-supervised complemen-
tary Conditional GAN(SCCGAN ). The classification ac-
curacy w.r.t. different proportion of labeled data is shown
in Figure 5. We can see that SCCGAN further improves
the accuracy over CCGAN due to the incorporation of un-
labeled data.
6. Conclusion
We study the limitation of complementary learning as
a weakly supervised learning problem, where the effec-
tive supervised information is much smaller compared to
the sample size. To address this problem, we propose a
generative-discriminative model to learn a better data dis-
tribution, as a strategy to boost the performance of the
classifier. We build a conditional GAN model (CCGAN)
which learns a generative model conditioned on ordinary
class labels from complementary labeled data, and unify
the generative and discriminative modeling in one frame-
work. Our method shows superior classification perfor-
mance on several datasets, including MNIST, CIFAR10,
and CIFAR100 and VGGFACE100. Besides, our model
generates high-quality synthetic images by utilizing com-
plementary labeled data. In addition, we give a theoretical
analysis that our model can converge to true conditional dis-
tribution learning from complementarily-labeled data.
References
[1] A. Blum and T. Mitchell. Combining labeled and unlabeled
data with co-training. In Proceedings of the eleventh an-
nual conference on Computational learning theory, pages
92–100. ACM, 1998.
[2] A. Brock, J. Donahue, and K. Simonyan. Large scale GAN
training for high fidelity natural image synthesis. CoRR,
abs/1809.11096, 2018.
[3] A. Brock, J. Donahue, and K. Simonyan. Large scale GAN
training for high fidelity natural image synthesis. In Interna-
tional Conference on Learning Representations, 2019.
[4] Q. Cao, L. Shen, W. Xie, O. M. Parkhi, and A. Zisserman.
Vggface2: A dataset for recognising faces across pose and
age. In International Conference on Automatic Face and
Gesture Recognition, 2018.
[5] M. Gong, Y. Xu, C. Li, K. Zhang, and K. Batmanghe-
lich. Twin auxiliary classifiers gan. arXiv preprint
arXiv:1907.02690, 2019.
[6] I. Goodfellow, J. Pouget-Abadie, M. Mirza, B. Xu,
D. Warde-Farley, S. Ozair, A. Courville, and Y. Bengio. Gen-
erative adversarial nets. In Z. Ghahramani, M. Welling,
C. Cortes, N. D. Lawrence, and K. Q. Weinberger, edi-
tors, Advances in Neural Information Processing Systems 27,
pages 2672–2680. Curran Associates, Inc., 2014.
[7] K. He, X. Zhang, S. Ren, and J. Sun. Deep residual learning
for image recognition. CoRR, abs/1512.03385, 2015.
[8] J. Hoffman, S. Gupta, and T. Darrell. Learning with side
information through modality hallucination. 2016 IEEE
Conference on Computer Vision and Pattern Recognition
(CVPR), pages 826–834, 2016.
[9] T. Ishida, G. Niu, W. Hu, and M. Sugiyama. Learning from
complementary labels. In I. Guyon, U. V. Luxburg, S. Ben-
gio, H. Wallach, R. Fergus, S. Vishwanathan, and R. Garnett,
editors, Advances in Neural Information Processing Systems
30, pages 5639–5649. Curran Associates, Inc., 2017.
8
[10] T. Ishida, G. Niu, A. K. Menon, and M. Sugiyama.
Complementary-label learning for arbitrary losses and mod-
els, 2018.
[11] T. Kaneko, Y. Ushiku, and T. Harada. Label-noise
robust generative adversarial networks. arXiv preprint
arXiv:1811.11165, 2018.
[12] Y. Kim. Convolutional neural networks for sentence classifi-
cation. In Proceedings of the 2014 Conference on Empirical
Methods in Natural Language Processing (EMNLP), pages
1746–1751, 2014.
[13] D. P. Kingma and J. Ba. Adam: A method for stochastic
optimization. CoRR, abs/1412.6980, 2014.
[14] D. P. Kingma, S. Mohamed, D. Jimenez Rezende, and
M. Welling. Semi-supervised learning with deep generative
models. In Z. Ghahramani, M. Welling, C. Cortes, N. D.
Lawrence, and K. Q. Weinberger, editors, Advances in Neu-
ral Information Processing Systems 27, pages 3581–3589.
Curran Associates, Inc., 2014.
[15] A. Krizhevsky, V. Nair, and G. Hinton. Cifar-10 (canadian
institute for advanced research).
[16] A. Krizhevsky, I. Sutskever, and G. E. Hinton. Imagenet
classification with deep convolutional neural networks. In
Advances in neural information processing systems, pages
1097–1105, 2012.
[17] A. Kumar, P. Sattigeri, and T. Fletcher. Semi-supervised
learning with gans: Manifold invariance with improved in-
ference. In Advances in Neural Information Processing Sys-
tems, pages 5534–5544, 2017.
[18] Y. LeCun and C. Cortes. MNIST handwritten digit database.
2010.
[19] M. Mirza and S. Osindero. Conditional generative adversar-
ial nets. CoRR, abs/1411.1784, 2014.
[20] T. Miyato, T. Kataoka, M. Koyama, and Y. Yoshida. Spectral
normalization for generative adversarial networks. CoRR,
abs/1802.05957, 2018.
[21] T. Miyato and M. Koyama. cgans with projection discrimi-
nator. CoRR, abs/1802.05637, 2018.
[22] N. Natarajan, I. S. Dhillon, P. K. Ravikumar, and A. Tewari.
Learning with noisy labels. In C. J. C. Burges, L. Bottou,
M. Welling, Z. Ghahramani, and K. Q. Weinberger, edi-
tors, Advances in Neural Information Processing Systems 26,
pages 1196–1204. Curran Associates, Inc., 2013.
[23] A. Odena. Semi-supervised learning with generative adver-
sarial networks. arXiv preprint arXiv:1606.01583, 2016.
[24] A. Odena, C. Olah, and J. Shlens. Conditional image syn-
thesis with auxiliary classifier GANs. In D. Precup and
Y. W. Teh, editors, Proceedings of the 34th International
Conference on Machine Learning, volume 70 of Proceed-
ings of Machine Learning Research, pages 2642–2651, Inter-
national Convention Centre, Sydney, Australia, 06–11 Aug
2017. PMLR.
[25] G. Patrini, A. Rozza, A. Krishna Menon, R. Nock, and L. Qu.
Making deep neural networks robust to label noise: A loss
correction approach. In Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition, pages 1944–
1952, 2017.
[26] A. Radford, L. Metz, and S. Chintala. Unsupervised repre-
sentation learning with deep convolutional generative adver-
sarial networks. CoRR, abs/1511.06434, 2015.
[27] K. K. Thekumparampil, A. Khetan, Z. Lin, and S. Oh. Ro-
bustness of conditional gans to noisy labels. In Advances
in Neural Information Processing Systems, pages 10271–
10282, 2018.
[28] X. Yu, T. Liu, M. Gong, and D. Tao. Learning with bi-
ased complementary labels. In ECCV (1), volume 11205 of
Lecture Notes in Computer Science, pages 69–85. Springer,
2018.
[29] Z.-H. Zhou, M.-L. Zhang, S.-J. Huang, and Y.-F. Li.
Multi-instance multi-label learning. Artificial Intelligence,
176(1):2291–2320, 2012.
9
Supplementary: “Generative-Discriminative Complementary Learning”
S1. Proof of Theorem 1
According to the triangle inequality of total variation (TV) distance, we have
dTV (PXY , QXY ) ≤ dTV (PXY , PY |XQX) + dTV (PY |XQX , QXY ).
(1)
Using the definition of TV distance, we have
dTV (PY |XPX , PY |XQX) =
1
2
∫
|pY |X(y|x)pX(x)− pY |X(y|x)qX(x)|µ(x, y)
(a)
≤ 1
2
∫
|pY |X(y|x)|µ(x, y)
∫
|pX(x)− qX(x)|µ(x)
≤ c1dTV (PX , QX), (2)
where p and q are densities, µ is a (σ-finite) measure, c1 is a constant, and (a) follows from the Ho¨lder inequality.
Similarly, we have
dTV (PY |XQX , QY |XQX) ≤ c2dTV (PY |X , QY |X), (3)
where c2 is a constant. Combining (1), (2), and (3), we have
dTV (PXY , QXY ) ≤ c1dTV (PX , QX) + c2dTV (PY |X , QY |X)
≤ c1dTV (PX , QX) + c2dTV (PY |X , Q′Y |X) + c2dTV (Q′Y |X , QY |X). (4)
Since we have no access to PY |X , by simply adapting the proof of Theorem 1 in [27], we bound dTV (PY |X , Q′Y |X) using
complementary conditional probabilities as
dTV (PY |X , Q′Y |X) = max
S1,...,SK⊆X
∑
y∈Y
{P (y|Sy)−Q′(y|Sy)}
= max
S1,...,SK⊆X
〈1, P (·|{Sy}y∈Y)−Q′(·|{Sy}y∈Y)〉
(a)
= max
S1,...,SK⊆X
〈1,M−1(P (·|{Sy¯}y¯∈Y)−Q′(·|{Sy¯}y¯∈Y))〉
(b)
≤ ‖M−ᵀ‖1 max
S1,...,SK⊆X
‖P (·|{Sy¯}y¯∈Y)−Q′(·|{Sy¯}y¯∈Y))‖1
=‖M−1‖∞dTV (PY¯ |X , Q′¯Y |X), (5)
where P (·|{Sy}) = [P (Y = 1|S1), · · · , P (Y = K|SK)]ᵀ, P (·|{Sy¯}) = [P (Y¯ = 1|S1), · · · , P (Y¯ = K|SK)]ᵀ, (a) follows
from P (·|{Sy¯}) = MP (·|{Sy}), and (b) follows from the fact that 1ᵀAx ≤ ‖Ax‖1 ≤ ‖A‖1‖x‖1. By combining (4) and
(5), we have
dTV (PXY , QXY ) ≤ c1dTV (PX , QX) + c2‖M−1‖∞dTV (PY¯ |X , Q′¯Y |X)
+ c2dTV (QY |X , Q′Y |X) (6)
According to the relations between total variation (TV), KL divergence (dKL), and Jensen-Shannon divergence (dJS), we
can rewrite (6) as
dTV (PXY , QXY ) ≤ 2c1
√
dJS(PX , QX) + c2‖M−1‖∞
√
dKL(PY¯ |X , Q′¯Y |X)
+ c2
√
dKL(QY |X , Q′Y |X), (7)
which follows from the Pinsker’s inequality. By replacing 2c1 in (7) with a new constant c1 (using the same notation for
simplicity), we can obtain the inequality in Theorem 1. From the theorem, we can see that if the complementary labels are
highly-biased, it may causeM to be rank-deficient. In this case, our algorithm may not minimize the distance between PXY
and QXY efficiently.
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S2. Illustration of Our Objective Function (Eq. (5))
QX
PX PY |X
QY |X Q0Y |X Q0¯Y |X
PY¯ |X
M
M
Transformation
Divergence
a  b 
c 
Figure 6. Illustration of the divergence terms that are minimized in Eq. (5). PY |X ( PY¯ |X ) is the conditional distribution of ordinal
(complementary) label given features on the real data. Q′Y |X ( Q
′¯
Y |X ) is the conditional distribution of ordinal (complementary) label
produced by the classification network C in Eq. (5). QY |X is the conditional distribution of ordinal label given features induced by our
generator G. From the figure, we can see that minimizing b© leads to reduced divergence between PY |X and Q′Y |X . Therefore, the
objective function minimizes the divergence between PY |X and QY |X further because of c©. Combined with a©, our objective minimizes
divergence between PXY and QXY .
S3. Quality of synthetic data
Method
rl 0.2 0.4 0.6 0.8 1.0
CIFAR10
Ordinary label, IS 5.16 ± 0.066 5.99 ± 0.058 6.19 ± 0.070 6.27 ± 0.070 6.53 ± 0.082
CCGAN , IS 5.28 ± 0.048 5.90 ± 0.065 6.27 ± 0.094 6.27 ± 0.067 6.48 ± 0.052
Ordinary label, FID 54.33 39.18 35.18 32.91 28.40
CCGAN , FID 50.75 37.47 33.86 34.55 31.63
CIFAR100
Ordinary label, IS 5.11 ± 0.038 6.80 ± 0.084 7.59 ± 0.154 7.94 ± 0.133 7.82 ± 0.09
CCGAN , IS 4.80 ± 0.042 6.36 ± 0.059 6.73 ± 0.095 7.17 ± 0.085 7.22 ± 0.115
Ordinary label, FID 65.00 44.14 41.49 36.25 34.34
CCGAN , FID 79.13 44.01 43.63 36.21 34.63
VGGFACE100
Ordinary label, IS 19.18 ± 0.254 29.19 ± 0.235 48.99 ± 0.533 54.59 ± 0.390 67.77 ± 0.568
CCGAN , IS 16.49 ± 0.243 28.10 ± 0.368 45.82 ± 0.746 52.97 ± 0.470 62.30 ± 0.409
Ordinary label, FID 100.48 66.00 42.98 38.07 26.26
CCGAN , FID 113.78 59.98 36.45 31.661 27.79
Table 3. This table shows the Inception Score and FID socore on CIFAR10, CIFAR100 and VGGFACE100 dataset. rl denotes the
proportion of sampled labeled data for training from the training set S. All these scores are under the uniformedM setting.
S4. More Generated Images
True M Estimated M True M Estimated M
Figure 7. Synthetic results for MNIST and CIFAR10. We set rl = 1 here. It shows the generated data with trueM and esitimatedM
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True M
Estimated M
Figure 8. Synthetic results for CIFAR100. We set rl = 1 here. It shows the generated data with trueM and esitimatedM
12
True M
Estimated M
Figure 9. Synthetic results for MNIST and VGGFACE100. We set rl = 1 here. It shows the generated data with trueM and esitimated
M
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